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BACKGROUND: Emergency departments (ED) are be-
coming increasingly overwhelmed, increasing poor out-
comes. Triage scores aim to optimize the waiting time
and prioritize the resource usage. Artificial intelligence
(AI) algorithms offer advantages for creating predictive
clinical applications.
OBJECTIVE: Evaluate a state-of-the-art machine learn-
ing model for predicting mortality at the triage level and,
by validating this automatic tool, improve the categoriza-
tion of patients in the ED.
DESIGN:An institutional review board (IRB) approval was
granted for this retrospective study. Information of con-
secutive adult patients (ages 18–100) admitted at the
emergency department (ED) of one hospital were retrieved
(January1, 2012–December 31, 2018). Features included
the following: demographics, admission date, arrival
mode, referral code, chief complaint, previous ED visits,
previous hospitalizations, comorbidities, home medica-
tions, vital signs, and Emergency Severity Index (ESI).
The following outcomes were evaluated: early mortality
(up to 2 days post ED registration) and short-term mortal-
ity (2–30 days post ED registration). A gradient boosting
model was trained on data from years 2012–2017 and
examined on data from the final year (2018). The area
under the curve (AUC) for mortality prediction was used
as an outcome metric. Single-variable analysis was con-
ducted to develop a nine-point triage score for early
mortality.
KEY RESULTS:Overall, 799,522 ED visits were available
for analysis. The early and short-termmortality rateswere
0.6%and2.5%, respectively.Models trained on the full set
of features yielded an AUC of 0.962 for earlymortality and
0.923 for short-term mortality. A model that utilized the
nine features with the highest single-variable AUC scores
(age, arrival mode, chief complaint, five primary vital
signs, and ESI) yielded an AUC of 0.962 for early
mortality.

CONCLUSION: The gradient boosting model shows high
predictive ability for screening patients at risk of early
mortality utilizing data available at the time of triage in
the ED.
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INTRODUCTION

Emergency departments (ED) are becoming increasingly
overwhelmed, increasing poor outcomes associated with
ED overcrowding.1–5 Triage scores6,7 aim to optimize the
waiting time and prioritize the resource usage according to
the severity of the medical condition. The Emergency
Severity Index (ESI) is the most widely used triage score.8

It is a subjective risk classification of patients, from 1
(most urgent) to 5 (least urgent), based on patients’ acuity
and resources needed. The ESI relies heavily on provider
judgment which can lead to inaccuracy and misclassifica-
tion.9,10 Differentiating between levels 2 and 3 is a chal-
lenging task,11 and ESI level 3 is assigned to a largely
diverse ill patient group.12

Artificial intelligence (AI) algorithms offer advantages
for creating predictive clinical applications because of
flexibility in handling large datasets from electronic med-
ical records (EMR).13 AI algorithms are becoming better
at prediction tasks, often outperforming current clinical
scoring systems.14 Several prediction models have been
developed using these techniques in the past years trying
to improve the triage process.10,15–22 A machine learning
prediction model may improve the proper identification of
patients at greater risk of mortality and would be superior
to a nonsystematic experience-based assessment.10,13

In this study, we aimed to evaluate a state-of-the-art
machine learning model for predicting mortality at the
triage level. By validating this automatic tool, our purpose
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is to improve the categorization of patients in the ED
using readily available data from the EMR at the time of
arrival.

DESIGN: MATERIALS AND METHODS

An institutional review board (IRB) approval was granted for
this retrospective study.

Study Cohort

Information of consecutive adult patients (ages 18–100)
admitted at the academic ED of one tertiary center were
retrieved from the hospital’s EMR. This acute care hospi-
tal has approximately 1700 beds and gets 185,000 total
emergency department visits per year. Universal health
coverage is provided to everyone as stipulated by the
public healthcare system.
The study time frame was from January 1, 2012, to Decem-

ber 31, 2018.

Data Acquisition

Data retrieved were information available at the triage level:
Demographics: age, sex
Admission date: retrieved as a timestamp variable
Arrival mode: either walk-in, by ambulance (BLS), or by

intensive care ambulance (ALS)
Referral code: either independent or referred by a physician
Chief complaint: which was recorded in two methods: (1) a

structured list of 122 chief complaints from a list of the Israeli
Health Ministry guidelines available at the ED, (2) a two-word
free text chief complaint obtained by a triage nurse
Previous ED visits: dates of all previous visits to our ED

during the study time frame
Previous hospitalizations: dates of all previous hospitaliza-

tions in our hospital during the study time frame
Comorbidities: coded as International Classification of Dis-

eases (ICD9) records
Homemedications: coded usingWorld Health Organization

(WHO) Anatomical Therapeutic Chemical Classification Sys-
tem (ATC)
Vital signs: temperature (T°), heart rate (HR), systolic blood

pressure (SBP), diastolic blood pressure (DBP), oxygen satu-
ration (SO2)
ESI score
Mortality dates were obtained from the EMR and from

the Ministry of internal mortality records (when the death
occurred outside the hospital), and the duration in days
from admission to overall mortality was computed. The
following features were used as patient outcome end-
points: early mortality, defined as mortality up to 2 days
from registration to the ED, and short-term mortality,
defined as mortality 2–30 days from registration to the
ED.

Data Pre-processing
Data Cleaning. Patients aged 18–100 years were included.
Records of patients with erroneous unreasonable values were
removed: vital signs were limited to systolic blood pressure
(SBP) < 300 mmHg, diastolic blood pressure (DBP) <
250 mmHg, pulse < 300 beats/min, temperature ranging be-
tween 25 and 45 °C, oxygen saturation ≤ 100%.

Data Encoding. Input features: all categorical factors were
encoded as numerical. For comorbidities, home medications,
and unstructured chief complaint high cardinality variables,
we used target encoding for embedding. For home
medications, we also used one hot encoding using ATC
pharmacologic subgroups. Using the lists of previous ED
visits and previous hospitalizations at our hospital, we
compiled the following: number of previous ED visits,
number of previous hospitalizations, number of days to most
recent previous ED visit, number of days to most recent
previous hospitalization. From the current ED visit
timestamp we retrieved the year, month, day, and hour.
Output outcome was encoded as a binary variable (1 =

patient died in a selected time frame, 0 = patient did not die
in a selected time frame).

Machine Learning Model

The algorithmswere programmed using Python (Version 3.6.5
64bits) and the XGBoost open-source library (version 0.8)
with the scikit-learn wrapper (version 0.19.2). We addressed
class imbalance between mortality and non-mortality cases by
using the XGBoost class weights scaling feature. The training
data (X, with multiple features) was configured as input to
predict a target variable (Y) which was considered a label.
Statistical calculations were performed using Python. Compu-
tations were done on an Intel I7 CPU and NVIDIA GeForce
GTX 1080Ti GPU computer.
Gradient boosting23 is a machine learning algorithm where

multiple weak learners (tree based classifiers) are trained to
augment each other and produce superior results. It differs
from random forests (RF)24,25 in which trees are learned
sequentially and based on the performance of all previous
trees. In gradient boosting, at each stage, a new decision tree
is learned with the aim to correct errors made by existing trees.
As a non-linear method, it naturally outperforms linear
models26 when higher order relationships exist in the data.
Gradient boosting has also surpassed other machine learning
algorithms in a number of data challenges.23,27 Recent works
described its potential in the medical field.26–33

Analysis

Continuous features are reported as the median with the spread
reported as interquartile range (IQR). Categorical elements are
reported as percentages. The model’s performance was
assessed using the area under the curve (AUC) metric. We
have calculated AUC both for training (years 2012–2017) and
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validation (year 2018). An AUC of 1 indicates perfect out-
come prediction in all patients whereas a value of 0.5 means
that the model is no better than chance. An AUC value of
greater than 0.80 is desirable.18 Models without including the
ESI were also calculated.
Bootstrapping validations (1000 bootstrap resamples)

were used to calculate 95% confidence intervals (CI) for
AUCs. Youden’s index was employed to find the optimal
cutoff point on the receiver operating characteristic (ROC)
curve in order to calculate sensitivity, specificity, false-
positive rate (FPR), negative predictive value (NPV), and
positive predictive value (PPV) of the final models. We
also evaluated the sensitivity, FPR, NPV, and PPV for
fixed specificities of 95% and 97.5%.
Instead of using cross-validation, models were trained on

data from the years 2012–2017 and tested on data from the
year 2018, ensuring by this way that there was no overfitting
and no leakage of information.
Variable Analysis. We evaluated single-variable predictions
by using each one as a single input, and early mortality and
short-term mortality as targets. These experiments were con-
ducted using the same data split as described before.
We also evaluated variables’ importance for both mortality

frames by using the XGBoost feature importance property,
which shows for each variable how much on average the
prediction changes if the variable value changes.

Model Assessment.We used Brier score and calibration plots
to evaluate the XGBoost model.

Comparison with Previous Models. We compared the
XGBoost model with severity scores Shock Index (SI), Mod-
ified Shock Index (MSI), and Aged Shock Index (ASI)9,11

where SI = HR/SBP; MSI = HR/(2/3 × DBP + 1/3 × SBP);
ASI = Age × SI.

Nine-Point Triage Score. The top single most predictive
variables examined before were tested as input factors in an
early mortality predictive model. The final model was
evaluated on the entire cohort, the cohort after dropping of
all missing values, and the cohort after dropping only visits
with missing structured chief complaint. We compared these
models with a logistic regression (LR) model employing the
top features as inputs (used one hot encoding for structured
chief complaint) evaluated on the data after dropping all cases
with missing values.
The top most important features evaluated before were also

tested on the entire cohort in an early mortality predictive
model.

RESULTS

Study Cohort

A total of 990,864 ED visits were retrospectively retrieved
during the 6-year study frame. We excluded 190,609 records
for age criteria, and 733 records for vital signs criteria. Thus,
799,522 ED visits which represented 367,219 unique patients
were available for analysis. The overall early mortality rate
was 4561/799,522 (0.6%) and the short-term mortality rate
was 19,647/799,522 (2.5%). Of the 4561 patients with early
mortality, 917 (20.1%) died in the ED, 3405 (74.6%) died in
hospitalization, 33 (0.7%) died in the internal care unit (ICU),
and 206 (4.5%) died after being discharged from the ED.
Characteristics of the study cohort are presented in Table 1.

Table A1 (online) presents the proportions of abnormal range

Table 1 Study Cohort Characteristics (n = 799,522)

Entire cohort
(n = 799,522)

Early mortality
(n = 4561, 0.6%)

Short-term mortality
(n = 19,647, 2.5%)

Age, median (IQR) (y) 55.0 (35.0–72.0) 81.0 (69.0–88.0) 78.0 (66.0–87.0)
Female (N (%)) 38,7495 (48.5) 2220 (48.7) 9104 (46.3)
Mode of arrival
Walk-in (N (%)) 601,972 (75.3) 674 (14.8) 7567 (38.5)
Ambulance (BLS) (N (%)) 147,963 (18.5) 2798 (61.3) 8490 (43.2)
Intensive care ambulance (ALS) (N (%)) 8755 (1.1) 145 (3.2) 532 (2.7)
Other (N (%)) 5762 (0.7) 297 (6.5) 455 (2.3)

ESI (1–5) 1: 4630 (0.6%) 1: 956 (21.0%) 1: 752 (3.8%)
2: 26,723 (3.3%) 2: 942 (20.7%) 2: 2199 (11.2%)
3: 506,014 (63.3%) 3: 1900 (41.7%) 3: 12,946 (65.9%)
4: 149,778 (18.7%) 4: 57 (1.2%) 4: 718 (3.7%)
5: 25,623 (3.2%) 5: 9 (0.2%) 5: 51 (0.3%)

SBP, median (IQR) (mmHg) 129.0 (116.0–147.0) 110.0 (89.0–135.0) 122.0 (105.0–141.0)
DBP, median (IQR) (mmHg) 75.0 (67.0–83.0) 64.0 (50.0–78.0) 69.0 (59.0–79.0)
Heart rate, median (IQR) (b/min) 80.0 (70.0–92.0) 93.0 (75.0–112.0) 89.0 (75.0–105.0)
Temperature, median (IQR) (Celsius) 36.8 (36.6–37.0) 36.7 (36.3–37.4) 36.8 (36.5–37.2)
Saturation, median (IQR) (SaO2) 98.0 (96.0–99.0) 93.0 (86.0–97.0) 95.0 (92.0–98.0)
Number of home medications, median (IQR) (N) 0.0 (0.0–4.0) 6.0 (0.0–9.0) 6.0 (1.0–10.0)
Number of previous ED visits, median (IQR) (N) 0.0 (0.0–2.0) 1.0 (0.0–3.0) 2.0 (0.0–4.0)
Number of previous hospitalizations, median (IQR) (N) 0.0 (0.0–1.0) 1.0 (0.0–2.0) 1.0 (0.0–2.0)

IQR, interquartile range; ESI, Emergency Severity Index; y, year; SD, standard deviation; SBP, systolic blood pressure; DBP, diastolic blood pressure;
ED, emergency department; SaO2, oxygen blood saturation; b/min, beats per minute
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vital signs. The ten most common chief complaints for early
and non-early mortality groups are presented in Table A2
(online). The total cumulative mortality up to 30 days, and
grouped according to ESI levels, is presented in Figure A3
(online). The proportions of missing data per features are
presented in Table A4 (online).

Model Performance

Models were trained using triage variables and tested using
1000 decision trees. The input vector included 308 features.
The performances of the models in the validation set for both
mortality frames are reported in Table 2. Models yielded an
AUC of 0.962 for early mortality and an AUC of 0.923 for
short-termmortality. Mortality rates for training and validation
sets were represented separately in Figure 1. Models without
including the ESI are shown in Table A5 (online).
Brier scores for the early mortality and short-term mortality

models were 0.004 and 0.022, respectively. Figure A6 (online)
present the calibration curves.

Variable Analysis

Table 3 presents the top ten highest single-variable AUCs for
each mortality group. For early mortality, age, arrival mode,
and structured chief complaint had the highest AUCs (0.810,
0.809, and 0.787, respectively). For short-term mortality age,
comorbidities coded by ICD9 and structured chief complaint
had the highest AUCs (0.767, 0.754, and 0.749).
Figures A7 and A8 (online) show the top ten features

calculated by the XGBoost feature importance property for
early mortality and short-term mortality respectively.

Comparison BetweenGradient BoostingModel
and Previous Models

Table 4 presents comparisons between the AUCs of the gra-
dient boosting model, SI, MSI, and ASI. From the evaluated
previous models, ASI showed the highest predictive ability
with an AUC of 0.858 for early mortality and 0.834 for short-
term mortality.

Figure 2 presents histograms of SBP, HR, SI, and ASI of
patients who died and did not die within 2 days of ED
admission. The histogram of ASI shows the greatest differen-
tiation between the two groups.

Nine-Point Triage Score

The top ten single predictive variables were experimented as
factors in an early mortality predictive model. Number of
comorbidities was dropped as it requires previous history of
the patient and we wanted to evaluate a model that does not
require such data. Consequently, we assessed a gradient
boosting model for early mortality prediction which included
only nine elements: age, arrival mode, structured chief com-
plaint, vital signs (T°, SO2, HR, SBP, and DBP), and ESI.
Table 5 presents the AUCs, sensitivities, and specificities of
the XGBoost model using the selected nine variables as inputs
and early mortality as output. These experiments were con-
ducted on three cohorts: the entire dataset, the cohort after
dropping all cases with missing data, the cohort after dropping
only cases with missing structured chief complaint. A LR
model after dropping all cases with missing data was also
added for comparison.
An early mortality prediction model using the top ten fea-

tures from XGBoost feature importance analysis was also
calculated, with its properties presented in Table A9 (online).

DISCUSSION

The main aim of this project was to improve the categorization
of patients in the ED by constructing a model that predicts
mortality outcomes at the triage level. A prediction model can
integrate all available information and facilitate the identifica-
tion of patients with a higher mortality risk who might be
missed. As a tool for health care providers in the decision-
making process, it may be used to ensure rapid treatment, and
flag high-risk patients subjectively under-triaged.10,13

The non-linear gradient boosting model demonstrated a
high predictive ability with an AUC of 0.962 AUC for early

Table 2 Models’ Performances for Each Mortality Group in the 1-Year Validation Set. Sensitivity, Specificity, FPR, NPV, and PPVAre
Calculated for Youden’s Index, and Sensitivity; NPV and PPVAre also Calculated for Fixed Specificities of 95% and 97.5%

AUC (95%CI) Cutoff Sensitivity
(95%CI)

Specificity
(95%CI)

FPR NPV
(95%CI)

PPV
(95%CI)

Early
mortality

0.962 (0.956–0.968) Youden’s index 91.9 (86.1–93.6) 88.2 (87.6–93.6) 1:8.5 99.9 (99.9–100.0) 4.0 (3.7–6.8)
Fixed specificity
95%

81.2 (78.4–84.1) 95 1:20 99.9 (99.9–99.9) 8.1 (7.5–8.7)

Fixed specificity
97.5%

67.2 (63.4–70.6) 97.5 1:40 99.8 (99.8–99.8) 12.5 (11.7–13.8)

Short-term
mortality

0.923 (0.919–0.926) Youden’s index 90.5 (88.9–91.8) 80.8 (80.0–82.3) 1:5.2 99.7 (99.6–99.7) 11.8 (11.3–12.6)
Fixed specificity
95%

54.8 (52.9–56.7) 95 1:20 98.7 (98.6–98.7) 22.4 (22.7–24.5)

Fixed specificity
97.5%

37.0 (37.3–41.1) 97.5 1:40 98.2 (98.1–98.3) 29.5 (28.3–30.8)

Models’ performance AUC expected cut point ≥ 0.8
CI, confidence interval; AUC, area under the curve; FPR, false-positive rate; NPV, negative predictive value; PPV, positive predictive value
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mortality using only triage available features, and a decreased
ability for short-term mortality. In our opinion, a possible
explanation for this difference could be that the severity of
physiologic abnormalities at initial presentation is not as much

related with short-term mortality compared with early
mortality.
When analyzing single variables, age and structured chief

complaint are the highest predictors of mortality for all time
frames. Other factors that foretell early mortality are those
reflecting the acute condition of the patient, such as arrival
mode, ESI, and vital signs. For short-term mortality, charac-
teristics reflecting the patient’s background, such as comor-
bidities and home medications, seem to be better predictors.

Fig. 1 Receiver operating characteristic (ROC) curves comparing models’ performances for each mortality group.

Table 3 Highest Single AUCs for Each Mortality Group for the Ten
Clinical Features Calculated by Single-Variable Analysis

Early mortality Short-term mortality

Age 0.810 Age 0.767
Arrival mode 0.809 Comorbidities ICD9 0.754
Structured chief
complaint

0.787 Structured chief complaint 0.749

Oxygen saturation 0.783 Number of comorbidities 0.746
ESI 0.762 Type of home medications 0.737
Temperature 0.733 Number of home

medications taken
0.734

Heart rate 0.728 Oxygen saturation 0.728
Diastolic blood
pressure

0.725 Unstructured chief
complaint

0.708

Number of
comorbidities

0.724 Number of days to previous
ED visit

0.677

Systolic blood
pressure

0.723 Arrival mode 0.656

AUC, area under the Curve; SBP, systolic blood pressure; DBP,
diastolic blood pressure; HR, heart rate; ESI, Emergency Severity Index

Table 4 Mortality Prediction Comparative Analysis (AUCs)

Early mortality Short-term mortality

Gradient boosting
model

0.962 (95%CI, 0.956–
0.968)

0.923 (95%CI, 0.919–
0.926)

SI 0.742 (95%CI, 0.721–
0.765)

0.664 (95%CI, 0.654–
0.675)

MSI 0.751 (95%CI, 0.730–
0.772)

0.686 (95%CI, 0.675–
0.697)

ASI 0.858 (95%CI, 0.841–
0.874)

0.834 (95%CI, 0.827–
0.841)

AUC, area under the curve; CI, confidence interval; ESI, Emergency
Severity Index; SI, Shock Index; MSI, Modified Shock Index; ASI, Age
Shock Index
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To date, the most widely used triage scoring tool is the ESI
score.8 This score is a subjectively assessed five-level ED
triage algorithm that provides risk stratification of patients,
from 1 (most urgent) to 5 (least urgent), based on patients’
acuity and resources needed.
Several previous studies have developed scores for mortal-

ity prediction as a way to improve triage classification, and
some of them used AI algorithms.9–11,15–21 Levin et al. utilized
a random forest E-triage prediction model that had AUCs
ranging from 0.90 to 0.92 for critical care outcome (in-

hospital mortality or direct admission to an intensive care
unit).10 A major strength of our study was the significantly
larger number of ED visits in comparison with previous stud-
ies, which could have increased the model’s performance.
When examining previous models, the ASI model9 showed
impressive results.
Single feature analysis helped us devise the nine-point

triage score which included age, arrival mode, structured chief
complaint, vital signs (T°, SO2, HR, SBP, and DBP), and ESI
into the gradient boosting model. It showed an AUC of 0.962

Fig. 2 Frequency histograms of the recorded SBP (a), HR (b), SI (c), and ASI (d) for subject who died and did not die within 2 days of ED
admission. SBP, systolic blood pressure. HR, heart rate. SI, Shock Index. ASI, Age Shock Index.

Table 5 Mortality Prediction and Statistical Analysis of the XGBoost Model Using Nine-Point Triage Score

AUC
(95%CI)

Sensitivity
(95%CI)

Specificity
(95%CI)

FPR NPV
(95%CI)

PPV
(95%CI)

XGBoost: entire cohort (n = 799,522; early mortality =
4561)

0.960 (0.954–
0.966)

90.1 (0.871–
0.920)

89.9 (0.867–
0.925)

1:9.9 99.9 (99.9–
100.0)

4.6 (3.6–
6.0)

XGBoost: cohort after dropping all cases with missing
values (n = 344,180; early mortality = 1829)

0.949 (0.939–
0.958)

89.1 (82.8–
91.6)

87.5 (86.4–
92.6)

1:10 99.9 (99.9–
100.0)

3.2 (2.8–
5.1)

Logistic regression: cohort after dropping all cases with
missing values (n = 344,180; early mortality = 1829)

0.937 (0.925–
0.948)

86.4 (82.7–
90.5)

87.6 (83.6–
89.6)

1:8.1 99.9 (99.8–
99.9)

3.1 (2.5–
3.7)

XGBoost: cohort after dropping cases with missing
structured chief complaint (n = 538,258; early
mortality = 2989)

0.962 (0.956–
0.968)

90.7 (86.7–
92.6)

89.6 (88.1–
92.8)

1:9.6 99.9 (99.9–
100.0)

4.6 (3.9–
6.3)

Models’ performance AUC expected cut point ≥ 0.8
CI, confidence interval; AUC, area under the curve; FPR, false-positive rate; NPV, negative predictive value; PPV, positive predictive value
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for early mortality, similar to the AUC of the full features
model. Using a simplified model makes it easier to understand
which variables are truly driving the early mortality outcome
allowing to improve it.34

Models that use hundreds of variables make manual entry
impractical and are difficult to encode within EMR databases.
A simplified model with fewer variables would make this task
more feasible.31

Our study has several limitations: Firstly, it was a retrospec-
tive single-institution study, and the sample was homogeneous
and may had been subject to local practices which limit its
generalizability; also the high performance of ASI casts the
doubt if it can outperform the model during external valida-
tion. Secondly, we lack information from other institutions
about previous ED visits and hospitalizations. Thirdly, do-
not-resuscitate (DNR) patients, on-hospice, left-before-being-
seen or against-medical-advice could not be excluded. Fourth-
ly, other outcomes like ICU admission or in-hospital mortality
were not evaluated.
We believe this study may serve as a proof of concept for

the ability to develop AI-based triage prediction models, to be
replicated on multi-institute projects by matching/mapping
data using a multicenter approach in order to ascertain the
predictive accuracy.
The presented model suggests a decision support tool, and

does not intend to replace clinical judgment. The interaction
with provider intuition can strengthen clinical decision-
making, making it more consistent and reducing the risks of
over- or under-triage. A strong collaboration between clini-
cians and machine learning experts is necessary to develop
and validate a model which includes the best predicting vari-
ables in order to prevent entering large amounts of data with-
out a clinical context.32

In conclusion, by using data available at the time of triage in
the ED, the gradient boosting model showed a high predictive
ability while screening patients at risk of early mortality.
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